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Abstract
Social distancing and proper contact tracing are currently the only effective means of controlling the
spread of SARS CoV-2, or coronavirus disease 2019 (COVID-19)1. As varying levels of mask usage
and adherence to social distancing protocols cannot be properly modeled with the standard
homogenous SIR model, we introduce a novel, quasi-heterogenous compartmentalized SIR model
with the potential to analyze COVID-19 spread.
We present several different scenarios of varying social-distancing policy adoption and mask use.
To demonstrate the differences, we put forth several scenarios where differing portions of society fail
to follow social distancing guidelines. We additionally test the effects on epidemic dynamics of a
population whose health follows a normal distribution, and a population whose health is universally
average. Our findings indicate that the percentage of people who partake in minimal social
distancing, denoted by 𝑆1, is most essential to determining key characteristics in epidemic dynamics.
Additionally, we conduct a local and global sensitivity analysis on our model to partition model output
and determine the model dependence on various parameters. A global sensitivity analysis is also
used to uncover relationships between parameters and partition model output to certain parameters
or combinations of parameters. A simple, local sensitivity analysis is employed to provide brief
stability analysis and to inquire further into the model’s dependence on several important
parameters.
The results from our various forms of analyses prove crucial to fully understanding the impact of
differing mask use and social-distancing adherence within a population. These results and
information could prove useful to policy makers attempting to justify social-distancing procedures and
highlight the importance of societal participation and adherence to these distancing protocols.

Past Work and Problem Background
COVID-19 quickly grew from a local problem affecting only parts of Central China to a worldwide
pandemic impacting billions of people. The rate at which infections increased makes COVID-19 a
cross-discipline issue of paramount importance2. Mitigation strategies for COVID-19 such as
extensive testing and contact tracing fare essential for minimizing hospitalizations and deaths and
have proven successful in several countries. Mathematical models of such mitigation strategies can
aid policymakers and provide evidence for the validity of continued social distancing measures.
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Parameter Optimization
We determine λ𝑛 from ψ, the infection transmission probability, and a variable multiplier 𝑐𝑛 ,which
represents the difference in contact levels between subgroups 7. We additionally assume that
subgroups exist in I with differing likelihoods of recovery8. The rates for these subgroups are
generated from ψ𝑛 and γ𝑛 , which represent the overall death rate and arbitrary health coefficients,
respectively. A value for ϕ is obtained from pre-existing research on infection probabilities of the
swine flu in a primary school, which we feel to be reasonably accurate and applicable to COVID-199.

Sensitivity Analysis
Sensitivity analysis is essential to understanding parameter interactions and is used to partition
model output. We used both a global sensitivity method (eFAST)10, and a local sensitivity method
(OAT). We calculated global sensitivity indices for all of the parameters that are listed in Table 2. Full
results of the sensitivity analysis, both global and local, can be found in Singley and Highlander.11

Vital dynamics were not included in our model, as testing showed that results differed minimally when
births and immigrations were incorporated. Our initial susceptible population was set to 1,000, and
the initial infected population was set to 10, or roughly 1% of the total population.

Our global and local analysis shows that trajectories of the epidemic are most heavily dependent on
𝑆1 , meaning that controlling the portion of society that ignores social distancing is crucial to flattening
the infection curve and limiting damage from COVID-19. The portion of society that is in our
unhealthiest subgroup, controlled by 𝑖1 , was also critical to controlling the number of deaths in our
model.

MATLAB Simulation Results

The local sensitivity analysis was conducted by varying 𝑆1 , 𝐼1 , and 𝛾1 one at a time. Results showed
that the dynamics were most impacted by varying 𝑆1 , and were least impacted by varying 𝐼1

We
conducted
6
MATLAB
simulations with our mathematical
model. In our model simulations,
we altered the distributions of 𝑆𝑛
and 𝐼𝑛 to compare the differences
in the epidemic dynamics. These
simulations serve as a local
sensitivity analysis showing the
impacts of perturbation of 𝑆𝑛 and
𝐼𝑛 . Scenarios 1a and 1b (Figure 1) Table 2: Weights for the Sn and In subgroups for each of our three scenarios.
model near perfect societal participation in social distancing measures, scenarios 2a and 2b
show relatively high participation in social distancing protocols but are not pictured in the name
of brevity, and scenario 3a and 3b (Figure 2) demonstrate highly flawed, practically nonexistent
social distancing. Weights for each scenario are shown in Table 2.

The SIR (Susceptible, Infected, Recovered) model, a model developed in 1927 by Kermack and
McKendrick, serves as an influential tool to model infection spread and disease progression with
differential equations3. Generally, these models assume a homogenous population4. However, this
approach is problematic and not as effective as more tailored models with respect to modeling5. With
this in mind, we separate three subgroups of susceptibles (𝑆): 𝑆1 for high exposure individuals, 𝑆2 for
medium exposure individuals, 𝑆3 for low exposure individuals. We have a similar breakdown for the
infectives (I): 𝐼1 for highly unhealthy individuals, 𝐼2 for those of average health, and 𝐼3 for those with
above average health.

Figure 3: Effects of varying s1 (parameter
controlling the proportion of the population in S1,
those who have highest social contact) ±25% on
epidemic trajectories. Solid curves represent the
default values; dotted curves represent a 25%
reduction in s1; and the dashed curves represent
a 25% increase in s1. Note that the results for
varying s1 are nearly identical to those varying λ1
(infection rate for S1; figure not shown)

Figure 4: Effects of varying γ2 (the recovery rate
of S2) by ±25% on epidemic trajectories. Solid
curves represent the default values; dotted
curves represent a 25% reduction in γ2; and the
dashed curves represent a 25% increase in γ2.
Note that the results for varying γ2 are nearly
identical to those varying i2 (percentage of I
population with average health levels; figure not
shown).

Conclusions and Further Work
In summary, the level of societal participation in social-distancing guidelines is a critical factor in
determining the outcome of an outbreak. Severe social distancing was shown to be, on average
2.23 times more effective in our model at reducing deaths than minimal social distancing. Minimal
social distancing produced a peak where an average of 66% of the initial population was
simultaneously infected, compared to 3.7% of the population being simultaneously infected in a
severe social distancing scenario.

Mathematical Model

Future work should be conducted to obtain more accurate parameter data as evidence for parameter
values arise. Additionally, as vaccines for COVID-19 become available, modeling should be done to
predict the effects and analyze the epidemic dynamics when there exists a vaccinated sector of
society.
Figure 1: Time series plot of severe social distancing with the assumption of a uniform, average health population (panel a, Scenario 1a) and
normally distributed health population (panel b, Scenario 1b).
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